Background: Recent advances in single-cell gene expression profiling technology have 9 revolutionized the understanding of molecular processes underlying developmental cell and tissue 10 differentiation, enabling the discovery of novel cell-types and molecular markers that characterize 11 developmental trajectories. Common approaches for identifying marker genes are based on pairwise 12 statistical testing for differential gene expression between cell-types in heterogeneous cell 13 populations, which is challenging due to unequal sample sizes and variance between groups resulting 14 in little statistical power and inflated type I errors. 15
However, normalization methods developed for bulk RNA-seq data are also used for single-cell 73 RNA-seq normalization even though some researchers argue that such an approach is error-prone and 74 heavily influences the downstream analysis (Vallejos, Risso, Scialdone, Dudoit, & Marioni, 2017) . 75
For example, DEseq2 is a model based differential expression analysis method designed for the bulk 76 RNA-seq data using negative binomial (NB) distribution. Normalization in DESeq2 is performed by 77 estimating the global scaling factor to normalize the given raw count data (Kvam, Liu, & Si, 2012) . 78
Transcripts per million reads (TPM) and reads per kilobase per millions of mapped read (RPKM) 79 provide per-single-cell RNA-seq normalization measures. The trimmed mean of M-values 80 normalization (TMM) (Robinson & Oshlack, 2010 ) is a scaling factor based method normalizing 81 across all single-cells in a given experiment. These approaches can bias the downstream analysis 82 through the effect of a few highly expressed genes. To avoid the pitfalls, normalization based on 83 artificial spike-in molecules in single-cell RNA-seq experiments has been developed. Efficient and 84 robust methods single-cell RNA-seq normalization method are currently under development 85 (Vallejos et al., 2017) . 86
Cell-type identification 87
The main use of single-cell RNA-sequencing is to study cellular heterogeneity in tissues or organs 88 and identify events that govern cell development and differentiation. single-cell RNA-seq analysis pipelines make use of methods that were developed for bulk RNA-seq 106 data such as DESeq2 (Love, Anders, & Huber, 2014) . ROTS (Suomi, Seyednasrollah, Jaakkola, Faux, 107 & Elo, 2017), a data distribution independent statistical testing method, is another pipeline designed 108 to identify DEGs by adjusting the test statistics according to the nature of the dataset. 109
In a single-cell RNA-seq experiment, the number of cells per cell-type is usually variable. This leads 110 to reduced statistical power when attempting to identify differentially expressed marker genes. 111 Comparisons of various differential expression analysis methods for single-cell RNA-seq data have 112 shown that they yield different results both in terms of the number of detected DEG and consistency 113 of DEG's identity across the methods (Miao & Zhang, 2016 ). Performing pairwise differential 114 expression analysis to identify cell-type marker genes in heterogeneous single-cell RNA-seq data is 115 6 inefficient in terms of execution time and redundant use, especially when considering several cell-116 types in the heterogeneous cell population. 117
Alternative approaches to the problem make use of feature extraction, where information extraction 118 methods are used to mine higher-level information from the datasets resulting in non-redundant 119 information that can be used for high accuracy cell-type identification. Feature extraction is widely 120 used for dimensionality reduction such as principal component analysis ( Here we adopt the TF-IDF method to develop MICTI (Fig. 1 ), a feature extraction method for Marker 128 gene Identification for Cell-type Identity in single-cell RNA-seq data. MICTI can be used as an 129 alternative method with differential gene expression for cell-type specific marker identification in 130 single-cell RNA-seq data. The aim of MICTI is to rapidly identify key cell-type (or cluster) specific 131 genes for the analysis of heterogeneous single-cell RNA-seq. Making use of the sparsity of the 132 normalized expression data, the cell-type (or cluster) specific information is encoded for each gene 133 in every cell. This allows MICTI to avoid variance based gene filtering steps typically used in the 134 preprocessing of single-cell RNA-seq analysis. 
141
The MICTI workflow comprises of five analytical steps (Fig. 1 ). The first step is pre-processing and 142 normalization ( Fig. 1I ). Secondly, the normalized expression data is transformed into cell-type 143 specific feature-encoded expression data by using scarcity of expression factor (Fig. 1II ). In the third 144 step, cells are grouped or clustered based on their cell-types ( Fig. 1III ). Then in the fourth step ( Fig.  145 Normalized table   Cell1 Cell2 Cell3 Cell4 Cell5 … … CellN We demonstrate the efficiency of MICTI in three case studies. First, we analysed a simulated single-150 cell RNA-seq dataset (supplementary file 1). Second, we analysed a publicly available human 151 pancreatic islets data from Gene Expression Omnibus (supplementary file 2). Third, we analysed an 152 artificially created mixture of single-cell RNA-seq data from six immune cell expression data from 153
Gene Expression Omnibus, where we selected 1153 cells sampled from different tissues with 154 different disease conditions for CD4+ memory cells, CD8+ memory cells, B cells, Dendritic cells, 155
Fibroblasts and Lymphoblast cells ( Table 1) . 156 Finally, we validated MICTI using a mixture of heterogeneous public single-cell RNA-seq data 224 generated by different labs. We created an artificial mixture of single cells from 10 human immune 225 single-cell experimental datasets. From these datasets, we selected 1153 cells representing single-cell 226 gene expression measurements for CD4+ memory cells, CD8+ memory cells, B cells, Dendritic cells, 227
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244
The gene expression heatmap (Fig. 4b) for MICTI identified marker genes show that the expression 245 pattern of the cell-type specific marker genes are specific to the corresponding cell-types. We can 246 also notice that cells that are closely related functionally (B cells and dendritic cells or CD4+ and 247 CD8+ cells) share common cell-type marker genes. 248
Fig. 5 illustrates the key cell-type specific features (genes) that govern the cell identity for B cells, 249 CD4+ memory cells, CD8+ memory cells, Dendritic cells, Fibroblast cells and Lymphoblast cells. 250
The numbers in the Venn diagram( 266 23 genes were found to be cell-type specific genes for both CD4+ and CD8+ memory cells (Fig. 5) . 267
They were enriched for Th1 and Th2 cell differentiation, JAK-STAT signalling pathway, T cell 268
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NME1-NME2 STMN1 TOMM6 receptor signalling pathway, Th17 cell differentiation and Natural killer cell mediated cytotoxicity 269 (supplement file 7) KEGG pathways. It is known that the Th1, Th2 and Th17 cells are sub-populations 270 of the CD4+ helper T cells. CD8+ (cytotoxic) T cells are also involved in cell killing by secreting 271 enzymes into the infected cell. There were 38 genes identified as exclusively CD4+ cell-type specific, 272 while there were 18 genes that were identified as exclusively CD8+ cell markers. The exclusive CD4+ 273 cell-type marker genes were enriched for T cell receptor signalling pathway (supplement file 7) . 274
There were 49 dendritic cell-type specific genes as it is shown in Fig. 5 . The gene ontology terms 275 associated with these genes were antigen processing and presentation, immune response, leukocyte biological terms of extracellular structure organization, extracellular matrix organization, response to 282 wounding and wound healing (supplement file 7). Fibroblast cells are found in most tissues of the 283 body and these ontology terms explain the typical fibroblastic cellular function as it was detailed in 284 (McAnulty, 2007) . The lymphoblast cells that we used in our analysis were hematologic cancerous 285 cells with Chronic myeloid leukemia (CML). Our algorithm found 15 genes that were specific to this 286 group of cells, out of which, nine of them were exclusive lymphoblast specific genes. These genes 287 were enriched for gas transport, drug transport and oxygen transport biological ontology terms 288 gets inflated or reduced (Rusticus & Lovato, 2014) . 316
In addition, pairwise statistical testing, using for example BPSC and DEseq2 (Fig. 6) , for each of the 317 cell-types against the other cell-types in the population take much execution time. Moreover, there is 318 no a gold standard method for differential expression analysis in the context of single-cell RNA-seq 319 data (Dal Molin, Baruzzo, & Di Camillo, 2017). Our feature extraction based method, which differs 320 from pairwise statistical testing methods in using cell-type specific mean feature-encoded expression 321 values for marker gene significance p-value calculation, can efficiently identify key cell-type specific 322 genes from heterogeneous cell population expression data. It also avoids gene filtering based-on 323 expression variance, a common procedure before proceeding to the downstream clustering and 324 differential analysis that might result in loss of important information, in most of single-cell RNA-325 seq analysis pipelines. It also has significantly less execution time when it is compared with the 326 statistical testing methods (Fig. 6) . 327 19 MICTI does not depend on balanced numbers of cells in each of clusters. In the case studies 1, 2 and 328 3, the number of cells varied in each of the heterogeneous cell categories ( Fig. 3a and Fig. 4a ), but 329 MICTI identified key marker genes in each cluster or cell-types. We can also observe that the MICTI 330 identified cell-type marker genes for functionally related cell-types, such as B-cells and Dendritic 331 cells or CD4+ and CD8+ memory cells, share communality (Fig. 4b) . 332
Hence, we suggest MICTI as alternative or supplementary method for users working with the 333 heterogeneous single-cell RNA-seq dataset. Finally, there are massive single-cell RNA-seq data 334 being produced as the technology advances. The discovery of the new cell-types and their underlying 335 biological significance can be unfolded by incorporating machine learning. As feature extraction is 336 a key step in machine learning, MICTI can be used for the large scale machine learning task for cell-337 type classification. 338
Conclusions
339
MICTI, feature extraction method for marker gene identification for single-cell RNA-seq data, can 340 be used as an alternative to statistical differential expression analysis for marker gene identification. 341
It not only avoids repeated statistical testing for marker gene identification in the heterogeneous cell 342 population, but it also keeps gene expression information otherwise lost in filtering genes based on 343 their variance across the cells as it is common practice in most single-cell RNA-seq pipelines. 344
Methods
345
MICTI is a feature extraction-based method for identification of cell-type specific marker genes in 346 single-cell RNA-seq data. We describe the typical workflow of MICTI in detail. Following grouping 347 of cells into their respective cell-type categories, in our case we did it manually by extracting cell 348 metadata information, the next step was to investigate the marker genes that gave rise to the identity 349 of the cell in the heterogeneous cell population. This was done by looking at the gene expression level 350 20 of a given gene in each cell weighted by the scarcity of expression factor for the given gene across 351 the cell-types. The scarcity of expression factor for a given gene was calculated by dividing the total 352 number of cells by the number of cells that express the given gene in the logarithmic scale. We 353 considered a gene as "expressed" if the normalized UMI count or TPM value was greater than the 354 user-defined threshold value as the binary Yes/No decision. We call this step as "feature-encoding" 355 for subsequent feature extraction as (equations 1-5). Fig. 1 shows the workflow of this feature 356 extraction approach for identifying cell-type specific genes or markers. 357
Feature encoding 358
We transformed the normalized expression value of each gene in every cell by encoding how scarcely 359 the given gene was expressed across all cells. The gene expression scarcity factor was calculated by 360 dividing the total number of cells by the number of cells that expressed the given gene in the 361 logarithmic scale. The threshold expression value that decides whether a gene is expressed or not is 362 given by the user. By default, we assigned it to be 0, i.e., genes with expression value of 0 were 363 considered as non-expressed genes while the ones that had greater than 0 values were considered as 364 expressed in their respective cells. The transformed expression values were the product of the 365 normalized expression value and the gene expression scarcity factor for each gene in every cell. Thus, 366
we encoded the cell-type specificity for the given gene across all the cells. A more detailed description 367 for MICTI workflow is given below. 368
Before applying the feature encoding on the gene expression values, the expression values of each 369 gene should be normalized. For the non-UMI data, the TPM normalization is adopted as it allow cross 370 cell gene expression comparison adjusted by gene length. Considering the UMI-based data, the raw 371 where ) is the total number of cells in cluster k, HI +,J is the mean feature-encoded expression values 391 for gene i among cells in cluster k, HI +,J is the standard deviation of the feature-encoded expression 392 22 values for gene i within the cluster k. =,F is the normalized cluster mean feature-encoded value for 393 the given gene i in a cluster k. The normalization of cluster mean feature-encoded values with the 394 cluster variance allow the identification of markers that are common for most of the cluster members 395 avoiding the bias towards the high mean feature-encoded expression value from the outlier cells. 396
Finally, the Z-score for each gene in the given cluster was calculated: 397 where [ J is the average normalized feature-encoded value of all genes I in a given cluster k, [ J is 401 standard deviation of the normalized feature-encoded expression values for the given cluster k. The 402 positive extreme Z-score valued genes were cluster-specific genes, whereas the negative extreme Z-403 score valued genes were the expressed genes across all clusters. In order to identify the statistically 404 significant cluster specific marker genes, we calculated the Bonferroni corrected p-values for each of 405 the clusters. We used 0.01 as a cut-off p-value, where the significant genes with p-values of less than 406 0.01 and Z-score of greater than 0 were cluster markers. 407
Gene list enrichment analysis 408
In order to validate cell-type specific marker genes, we used gene over-representation analysis for 409 pathways and gene ontology (GO) terms. For the over representation analysis, we used 410 gprofiler(version 1.1.0) (Reimand, Arak, & Vilo, 2011), a python package for analysing the gene 411 over-representation. gprofiler uses set counts and sizes (SCS) method to estimate threshold p-values 412 from complex and structured functional profiling data such as GO, pathways and TFBS where the 413 23 statistical significance is determined from set intersections in 2x2 contingency table (Reimand, Kull, 414 Peterson, Hansen, & Vilo, 2007) . 415
Dataset and data preparation 416
Case study 1: 417
We used SymSim (Zhang et al., 2019) , an R software package, to generate simulated single-cell 418 RNA-seq data for five distinct cell populations with the tree structure represented in Fig. 2a . (Zhang 419 et al., 2019) implemented a classical promoter kinetic model with kinetic parameters for promoter on 420 rate, kon, promoter off rate, koff and RNA synthesis rate, s to generate the true transcript counts 421 accounting for the extrinsic, intrinsic and technical variations. 422
The paraments used for the generation of these UMI based transcript count dataset were the number 423 of genes (ngenes=5000), the number of cells (ncells=200), minimum population size for the given 424 groups (min_popsize=30), the smallest population size (i_minpop=2), the value from which the 425 extrinsic variability factor(evf) mean is generated from (evf_center=1), the number of evf for each 426 kinetic parameter (nevf=10), the population structure of the cells (evf_type="discrete"), the number 427 of differential evfs between populations for one kinetic parameter (n_de_evf=9), determining the 428 kinetic parameters with differential evfs (vary="s"), controls parameter for heterogeneity of cells in 429 each of the cell population (Sigma=0.5), the parameter that controls difference between genes 430 (gene_effects_sd=1), the probability of non-zero values of genes in the gene effect vectors 431 (gene_effect_prob=0.3), parameter that adjusts for bimodality of gene expression for controlling 432 intrinsic variation (bimod=0), random seed to reproduce the results (randseed=0), the experimental 433 dataset used to estimate the kinetic parameters "kon", "koff" or "s" (param_realdata = 434 "zeisel.imputed"), parameters that determines the return format of simulated data weather it is in the 435 form of summarized experiment or list of elements format (SE=F). We used within cell library size 436 normalization for each of the cells in the dataset. 437
